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Abstract: Ultraviolet-visible (UV-vis) spectroscopy has shown successful results in the last few years
to characterize and classify wine vinegar according to its quality, particularly those with a protected
designation of origin (PDO). Due to these promising results, together with the simplicity, price, speed,
portability of this technique and its ability to create robust hierarchical classification models, the
objective of this work was the development of a computer tool or software, named VinegarScan,
which uses the UV-vis spectra to be able to perform quality control and authentication of wine
vinegar in a quick and user-friendly way. This software was based on the open-source GUI created in
C++ using several data mining algorithms (e.g., decision trees, classification algorithms) on UV-vis
spectra. This software achieved satisfactory prediction results with the available analytical UV-vis
data. The future idea of utility is to combine the VinegarScan tool with a portable UV-vis device that
could be used by control bodies of the wine vinegar industry to achieve a clear differentiation from
their competitors to avoid fraud.
Keywords: UV-vis; software; authentication; classification; wine vinegar
1. Introduction
Ultraviolet-visible (UV-vis) spectroscopy is the most straightforward and economical
spectroscopic technique applied to analyze food liquids, such as wine, beer, or vinegar [1–4],
due to its wide applicability, fastness of analysis, absence of generated residues, and its
ease of use, with no costs and non-skilled operators [4]. It is based on the measurement
absorption of the electromagnetic radiation from the ultraviolet and visible regions, from
190 to 750 nm [5]. Chemical information contained in the UV-vis spectra resides in the
band positions, intensities, and shapes. Thus, the spectral position of an absorption band
in this region is indicative of the presence or absence of certain structural features or
functional groups. However, the identification and quantification of compounds is possible
in a pure component system, but in foods, UV-vis spectra generally show only a few
broad absorbance bands that are often rather broad and difficult to associate to single
chromophores [6]. For this reason, this technique has mainly been applied to non-targeted
food analysis [4].
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The spectroscopic non-target or fingerprint approach, also recently named as spectralprint
analysis [4], aims to capture as many compounds or features as technically possible from
the entire spectra to gain a general insight into the composition of the sample. Thus,
the results obtained by the use of the whole UV-vis spectra as a fingerprint, that is for
example by the development of classification models and even by the direct observation
of the spectra, could avoid the use of quantitative methods that need to know the specific
compounds related to the characteristic to be determined, which would require trained
operators as well as the use of standards and time-consuming analyses. Its application has
been very interesting in the field of the verification of food-authenticity claims, this being
extremely important for example in the case of foods labeled as protected designation of
origin (PDO) as is the case of some vinegars [6].
There are many different kinds of vinegars. Thus, vinegars can be produced by a rapid
method (i.e., the submerged method), which makes cheaper vinegars with less organoleptic
notes, and a slow or traditional method (i.e., surface method) that produced higher quality
vinegars, which are those that have been protected under a PDO. Furthermore, those
vinegars, which are also made from specific raw materials, are submitted under a special
system of aging and maturation producing different categories according to that. These
categories are listed in the specifications of each PDO [7–9].
The authentication of the vinegar type, origin or category, also considering PDO
wine vinegars, that is in general, the authentication of the vinegar according to its quality,
is nowadays an important issue. Although misleading information regarding the geo-
graphical origin of foods, in particular vinegar, have few health implications, they may
nonetheless represent a serious commercial fraud affecting both consumers and producers.
Moreover, the increasing diversity of vinegars on the market, the growing consumer de-
mand for some of them, which also makes them a greater target for fraud, are other facts
that also promote the need of reliable quality control tools to defend the vinegar identity,
mainly of those with higher quality, such as the PDO wine vinegars. For this reason, the
authentication of the vinegars with PDO and their categories has been studied by the use
of different techniques.
Thus, on the one hand, due to the fact that vinegar’s quality is mainly associated
with its aroma, some classical analytical techniques, such as gas-chromatography-mass
spectrometry (GC-MS), have been widely applied to characterize them [10,11]. However,
although these conventional methods provide high-quality information, as they allow to
determine several compounds from different families that contribute to vinegar flavor and
quality, these classical techniques usually take a long time and high costs, as well as they
also require the use of reagents and well-trained analysts.
On the other hand, and due to these aforementioned disadvantages, rapid, non-
destructive and direct methodologies based on non-targeted techniques, are becoming
nowadays more interesting for the vinegar authentication approach. In this group, some
spectroscopies, have emerged as competitive fingerprinting techniques in vinegar’s quality
control. Thus, methods such as near infrared spectroscopy (NIRs), mid infrared spec-
troscopy (MIR), or fluorescence spectroscopy, have been applied to determine the origin or
category of those vinegars [12–14].
Nevertheless, among the aforementioned strategies that have enabled the characteriza-
tion and classification of them according to their origin or category, UV-vis spectroscopy has
demonstrated in the last few years its great ability to characterize and classify wine vinegar
according to their quality, particularly those with a protected designation of origin (PDO),
and to their production process or aging time, showing successful results and opening up
the possibility of developing an efficient quality control tool [15–19]. UV-vis spectrum of
wine vinegars, and also wines, presents absorption bands in the range 300–400 nm related
to absorbent species relevant for color and taste characteristics, such as polyphenolic com-
pounds (e.g., some acids as hydroxycinnamic acids, some aldehydes such as benzaldehyde,
stilbenes, flavanols, and anthocyanins), together with the presence of other compounds
Chemosensors 2021, 9, 296 3 of 16
such those related to the grape-must caramel added to the vinegars [17,18]. This makes a
unique fingerprint that can be characteristic for each type or category of vinegar.
In particular, a previous study [17] showed the classification ability of UV–vis spec-
troscopy to differentiate many different wine vinegars according to different categories
and to characterize wine vinegars without PDO with different ages and origins. Moreover,
there is also a recently published study that reaffirms the ability of differentiation PDO
wine vinegars by UV-vis spectroscopy [19]. In order to do that, as the characterization,
authentication, and quality control of a PDO wine vinegar require a complex study, the
success of the spectral analysis cannot be understood without referring to the implementa-
tion of powerful algorithms to handle all data generated for each spectrum, that is, spectral
analysis is not understood without chemometrics.
Chemometrics is a well-known discipline that allows the extraction of information
initially hidden in the data in a multivariate manner. However, sometimes it becomes
cumbersome to know which multivariate method is the most appropriate for every pur-
pose. Among the main chemometric techniques for classification purposes, partial least
square–discriminant analysis (PLS-DA), decision trees (DT), and artificial neural networks
(ANN) are the most highlighted [14,20–23]. In a previous UV-vis study of vinegars [17],
a hierarchical classification model (HCM) formed by soft independent modelling-class
(SIMCA) and partial least squares-discriminant analysis (PLS-DA) models in each of the
nodes was needed to classify all the vinegar samples due to many different characteristics
or vinegar types were considered (i.e., aged or not aged, with or without a PDO, from
different PDOs and for different aging categories). HCM was needed for this study due
to the classification problem being complex, since one or more classes can be divided
into subclasses or grouped into superclasses, that is, with the classes to be predicted being
hierarchically related.
Despite the successful results obtained [17], transferring the developed methodologies
to the productive and industrial sectors for routine analysis remains challenging. Non-
experts in data treatment and winemakers or workers of food companies or industries,
which are very interested in the spectroscopic quality control of their products, are not
always familiar with pre-processing, data modelling, and in general, chemometrics. For
this reason, the development of easy-to-use tools or software able to extract results from
spectral data in a simple manner is an important issue.
Different software applications have been developed for food analysis. Molano et al. [24]
developed a web application to segment magnetic resonance images of hams. Gil-
Sánchez et al. [25] have developed a graphical user interface in order to implement arti-
ficial neural networks on potentiometric electronic tongue data to discriminate several
varieties of honey according to their floral origins (citrus, rosemary, polyfloral, and honey-
dew) and considering three different physical treatment: raw, liquefied, and pasteurized.
Mishra et al. [26] provided a graphical user interface-based toolbox (FRUITNIR-GUI) for
basic chemometric processing (regression and variable selection) to be applied in multi-
batch NIR spectroscopic experiments related to fresh fruits. Lu and Lu [27] developed
a user-friendly Matlab-based GUI to facilitate the analysis of structured-illumination re-
flectance imaging for fruit defect detection. Predic et al. [28] performed a data mining-based
tool for early prediction of fruit pathogen infection. However, there is no classification
software tool to authenticate PDO wine vinegars to the best of our knowledge.
Due to the promising results acquired in the previous study [17], together with the
simplicity, price, speed, and portability of the UV-vis spectrometer, the objective of this
work was the development of a new simple and easy-to-use software that, combined with
a portable UV-vis spectroscopic device, could be able to authenticate and classify wine
vinegars in a considerably short time and friendly-use way. It could be implemented as
a routine method for process control and monitoring (directly in-situ and at real-time)
in the wine vinegar production chain. Furthermore, it would help to achieve a clear
differentiation from their competitors and avoid fraud. From this tool, different origins,
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production methods, ageing or qualities of vinegars could be identified. The application is
based on the open-source GUI created in C++, and it uses several data mining algorithms.
2. Materials and Methods
2.1. Software Description
The VinegarScan software application was developed by using Visual C++ under
tool Qt Creator 4.9.0. (Qt Co., Espoo, Finland), being the graphical user interface (GUI)
developed with Qt framework and the classification model implemented with Visual
C++ [29] and compiled by the MigGW 7.3 compiler. All the functions included in the tool
are either built-in in the programming environment or codes developed in-house.
The software can be freely downloaded as ‘VinegarScan.zip’ on the website (www.hy
pertools.org, accessed on 15 October 2021) and installed on a PC with a Windows system
(preferred versions 10 or more recent) just downloading the .zip folder and extracting it in
C://, this location being mandatory for the tool to work properly. Then, in order to run the
stand-alone executable “VinegarScan” (the file identified with a vinegar bottle icon), users
only have to execute it and then load data and run the analysis, which can be launched by
clicking the corresponding buttons.
The dataset corresponding to the case study discussed in this article as validation set
is inside the VinegarScan.zip folder, in a “Spectra” subfolder. These files that contain the
UV-vis spectra must be in .txt data format, due to the graphical user interface (GUI) only
supporting this format. These files should have specific characteristics that will be further
explained in detail in a following section.
The software contains a GUI for interacting with data files and producing visual and
easily interpretable results.
2.2. Dataset for Developing VinegarScan Tool
The analytical method to obtain the dataset was the one described in a previous
publication [17]. Thus, the samples were measured after diluting the vinegar samples in
water in a rate 1/10 vinegar/water (v/v). These diluted samples were used to optimize
the spectral conditions and to acquire suitable spectra. The analytical determinations
were performed with a UV–vis spectrophotometer Ocean Optics CHEMUSB4 (Orlando,
FL, USA) coupled with a detector with diode array. Samples were placed in a quartz
cuvette with a path length of 10 mm. The zero value of absorbance was calibrated with
the Ultra-pure water (MilliQ quality) absorbance, and the value 1 was obtained with the
absorbance of a blackbody. All the samples were analyzed in duplicate. The spectra were
acquired in the range 180–890 nm with a resolution of 2 nm.
The selected informative region for building the models was from 280 to 599 nm. This
spectral range was selected because it is the most informative region in the UV-vis spectra
for wines and vinegars as it was shown in a previous work [4]. In fact, this range was the
one that provided the best classification rate according to the different classification criteria
(aging and PDOs) [17].
The wine vinegar samples used to develop the models and the software were reported
in a previous study [17]. A total of 67 different wine vinegars were analyzed, 43 of them
being aged in wood barrels in different periods, and the other 24 without any ageing (being
also called “Rapid vinegars” or RV). All these samples were collected directly from the
producers to check the origin and type of the vinegars. In the case of the PDO samples, they
were supplied by the corresponding producers under the control of the PDO regulatory
council. Table 1 summarizes the details of the samples included in this study.
Within the first group, the “Aged vinegars” corresponded to wine vinegars with a
Spanish PDO. The categories within each PDO corresponded to the different recognized
categories according to their regulations [7–9]. These regulations define the vinegar cate-
gories based on the aging periods. In particular, in this study, the following samples and
categories were analyzed: 14 samples from the “Vinagre de Condado de Huelva” PDO (7 of
the “Solera”-CSO-category, and 7 of the “Reserva”-CRE-category); 16 from the “Vinagre
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de Jerez” PDO (7 of the “Crianza”-JCR- category and 9 of the “Reserva”-JRE-category);
and 13 from the “Vinagre de Montilla-Moriles” PDO (6 and 7 of the “Crianza”-MCR- and
“Reserva”-MRE-categories, respectively). The aging time of each category is defined in
Table 1.
Table 1. Information about the samples included in the study.






- ≥6 months JCR 7
“Reserva” ≥2 years JRE 9
“Vinagre de
Montilla-Moriles”
“Crianza” ≥6 months MCR 6
“Reserva” ≥2 years MRE 7
“Vinagre de Condado de
Huelva”
“Solera” ≥6 months CSO 7
“Reserva” ≥2 years CRE 7
Not
aged






locations - - RV 7
Different Argentinian
locations - - RV 10
1 Number of samples.
Concerning the “Not aged” group, it included 7 samples of the category “Not aged”
from “Vinagre de Condado de Huelva” (coded as CSC), and 17 samples without any
recognition or ageing being from Spain and Argentina (coded as RV). In contrast to the
aged vinegars produced by a surface production method, all these rapid wine vinegars
were made by the submerged method, being a more rapid procedure of production, which
provides vinegar with lower quality properties.
As reported previously [17], different tests were assessed to optimize the UV-vis
analysis and models. Thus, the optimization of the sampling procedure (e.g., the use
of diluted samples or not or the range of dilution), the hierarchical structures (e.g., first
starting with PDO/non-PDO, or first with the aged/not aged differentiation), the prepro-
cessing methods (e.g., selection of different spectral regions, first derivate, second derivate,
etc.), as well as the different algorithms of classification were assessed. Therefore, the
optimal parameters were those implemented in the proposed software, that were the
dilution 1/10 vinegar/water (v/v), the selection of the spectral region between 280 to
599 nm, removing the noise and non-informative regions, the preprocessing by standard
normal variate and mean centering, and the “Aging” parameter as the starting point of the
DT model.
The validation procedure followed in this manuscript for the DT models follows the
strategies posed by Ríos-Reina et al. [17]. The DT models were satisfactorily validated by
an internal and external validation by means of cross-validation and the use of different
train and test sets, respectively. The low number of samples was also mitigated by applying
bootstrapping, whose results showed the robustness of the model. Different data sets
were prepared by randomly dividing the samples into two groups, a train and a test set.
Thus, the training sets were formed with 100 spectra corresponding to the duplicates of
50 samples. These sets was used for the model training. On the other hand, the validation
sets were formed with 34 spectra (i.e., the duplicate analysis of 17 samples) for testing
the performance of the classification model. Each dataset contained samples of all the
categories and types of vinegars. One of the validation or test set of samples was included
in a folder of the software to be used as example.
Standard normal variate (SNV) and mean centering were the pre-processing applied
to the dataset in the classification models of the tool. This spectral pre-processing was used
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since it provided the best performance in terms of variance explained in the model after
testing different procedures [17].
2.3. Software Architecture
The designed software was based on the structure of the hierarchical classification
model (HCM) built with the UV-vis spectral data that made up the calibration set of the
published work by Ríos-Reina et al. [17]. The HCM is a classification method in which
a sample belongs to several classes at the same time and these classes are organized as
a tree according to a hierarchy [30]. The HCM developed in that previous work [17] is
schematized in Figure 1, including the definition of the different nodes according to the
different vinegar categories studied.
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l class only in each node, a tree structure was selected as HCM [31]. Thus, in
his tree s ruct re, unlike other types of HCM, each node has just one parent node. This
spe ific str cture, show in Figure 1, was composed in an order represe ti t s ifi it
i t e classificati . s, i , t e ee er t e class i t e ierarc , t e re s ecific
k o le ge of t e sa le acq ire . is s ecificity is also associate to a larger iffic lty
in the prediction [31]. In particular, the HCM developed in the previous work [17] in which
the tool will be based, started the classification with the distribution of the samples in
two large groups, aged and not aged, which was considered the 1st level. Then, in a 2nd
level, the samples were classified in the different PDO. Finally, in the 3rd level, the samples
were distributed into the PDO aging categories. In that structure, the first and the last
nodes were developed by using soft independent modelling by class analogy (SIMCA) and
the second level by partial least squares-discriminant analysis (PLS-DA), according to the
different classes studied [17].
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The software object of this work was developed using a lateral discriminant decision
tree algorithm. The decision trees (DT) algorithms have a tree-based structure similar to
HCM and it is a decision model tool that graphically displays the classification process
from a given input and once the possible output categories are known [32]. The algorithm
is developed by creating subsets of data, decomposing the entire data set into smaller
subsets. One of the advantages is that DT models have high comprehensibility, that is, the
knowledge acquired by the tree during its training is easy to understand and interpret [31].
This was one of the reasons for the choice of this approach for the development of the tool.
The final structure of the DT can be seen in Figure 2.
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free soft are tool aikato Environment for Knowledge Analysis (WEKA) (http://cs. ai
kato.ac.nz/~ l/weka last accessed on 15 June 2020).
DT was used as a classification technique in this chemometric model [32,33]. The J48
DT is a WEKA implementation of the well-known C4.5 DT algorithm [34]. This algorithm
was performed according to the configuration described in previous studies [35–38]. The J48
DT was applied to develop the model with the following parameters: 0.5 as the confidence
factor and 5 as the minimum size of grouped records.
This DT is based on the information gain ratio approach (entropy of data set). The
DT algorithm selects the splitting attribute that minimizes the entropy value, maximizing
the difference among the classification groups. Thus, the attributes are evaluated and
ranked by the entropy values. Then, the top-ranked attributes are selected as the potential
attributes used in the classification model. To identify the splitting attribute of the DT, one
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where k is the number of classes of the target attributes, Pi is the number of occurrences
of class i divided by the total number of instances (i.e., the probability of i occurring) [39].
Once the attribute to discriminate is selected, the threshold adjustment process is carried
out by a divide-and-conquer strategy, obtaining each step the threshold that maximizes the
number of samples classified correctly.
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3. Results and Discussion
3.1. Brief Mathematical Background Resulting from Training Datasets
The classification model based on DT has been developed with the tree structure
shown in Figure 2. This DT classification model represents all possible paths in the tree
created as a result of the process of prediction model creation, based on a J48 DT classifier.
This model has the categories in the leaves of the tree structure and the attributes (in
this case, the wavelengths of the UV-Vis spectra) in the decision nodes. Figure 2 shows
the 13 rules created that represent all possible paths in the DT with the vinegar samples
considered in the study, which was created as a result in the process of prediction model
creation based on a J48 classifier.
By looking at the mean spectrum of UV-vis for each class of vinegars (Figure 3) and
following the same schema of the HCM (Figure 1) and DT developed (Figure 2), it could be
seen the spectral regions that differs for each type of wine vinegar.
The intensity of the maximum around 300 nm seemed to be the key for the separation
made in the first level, between “Aged”, with higher intensity around 325 nm, from “Not
aged” vinegars, with a maximum around 290 nm and with a lower intense spectrum.
Although the identification of specific compounds is a difficult task in UV-vis spectroscopy,
the different composition of phenolic compounds, as well as aldehydes such as benzalde-
hyde, syringaldehyde, and vanillin in aged vinegars in wood barrels than in not aged
vinegars could be one of the reasons of the differentiation. Hence, during aging in wood,
some changes such as evaporation of water (and therefore concentration of compounds) or
transference of components from wood make an increasing of some of these compounds
that could be related to the difference in the intensity of the absorbance bands [17].
In the second level, and within the “Aged” group that was formed by PDO wine
vinegars (J, C, and M), there could be also seen a difference in intensity of the bands around
300 nm. However, although this spectral difference could be associated to some of the
compounds aforementioned, in this case, this difference belongs to the grape variety used
on each PDO and therefore, to the geographical origin. In the case of the differentiation
between RV and those “Not aged” from the PDO “Condado de Huelva” (CSC), there could
be seen a differentiation on the spectra, which showed higher intensity at 300 nm for CSC
vinegars, which could be explained by the fact that high-quality vinegars contain a more
complex composition provided by the traditional and slow production method, which led
to this higher intensity.
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Finally, regarding the last level, as it was mentioned before, the deeper the class
in the hierarchy, the larger difficulty in the prediction. Hence, it could be seen that the
spectral differences between categories within the each PDO are more complex to observe
visually, although similar spectral regions from the above mentioned were responsible
for the separation. This is explained by the fact that the study of the aging category is a
difficult task, due to “aging” is a continuous variable, which means that one sample from
the “Reserva” category (≥2 years of aging in wood barrels) and other sample from the
“Crianza” category (with aging in wood barrels ≥6 months and <2 years old) could be
differentiated by one more day of aging in the barrel. So, the differences between some
samples could be too small.
3.2. Format of the Spectral File
The graphical user interface (GUI) supports and read UV-vis spectra in .txt format. The
UV-vis spectral range should comprise the wavelength ranges from 280 to 599 nm every
2 nm (i.e., comprise a total of 1566 variables). This is because it is the spectral range used
for carrying out the models and calibrating the tool. The tool can read other spectral ranges,
but the prediction could be failed. This spectral range, which can be initially obtained of
different formats (e.g., Excel file) should be saved as “unicode text with tabs”, i.e., in .txt
data format, which can be nominated by any name (e.g., “s1.txt”), and it should have only
one column, without wavelength headings or names, with decimal places delimited by
dots, otherwise, it cannot be read by the software. Some examples of these files, that were
used as test set, are found in the “Spectra” folder included in the GUI that can be seen
marked with a dotted orange square in Figure 3.
3.3. GUI Design and Operatin Procedure for Vinegar Authentication
As shown in Figure 4, when the .zip folder is extracted as the first step of the installa-
tion, different folders and files are found inside. The two with utility for the user are the
folder called “Spectra”, where the user can find a set of different samples used to test the
tool, and the executable file “VinegarScan” symbolized by a vinegar bottle, which is the
Chemosensors 2021, 9, 296 10 of 16
tool to be used. In addition, the same icon of the vinegar bottle will appear in the Windows
status bar.
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The Load button is used to load the samples in .txt format. After clicking on this
button, a new screen will appear allowing us to select the spectrum to be analyzed. Once
the sample is loaded, the graphical representation of the UV-vis spectrum will be displayed
on the right side of the ain screen and the Start button will be activated (Figure 6a).
Once this Start button has been pressed, the visual inspection of the spectrum is possible
and the result of the analysis will appear on the screen in three different ways, as shown
in Figure 6b: The f ll a e f t e vi e ar category in the Results box; the percentage of
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In the provided example (Figure 6b), the software has been able to identify the type
and category of the vinegar sample correctly, “Vinagre del Condado de Huelva Reserva”,
showing the probability of this prediction (84.4516%) and an image of a colored filled bottle
of vinegar, which allows us to graphically identify which vinegar it is and what is the
percentage of probability in this identification (in this case, a red bottle, almost full).
Four different colors have been established for the vinegar bottles: the bottle is red if
the vinegar is from the PDO “Vinagre del Condado de Huelva”, the bottle is green if the
vinegar is from the PDO “Vinagre de Jerez”, blue if the vinegar is from the PDO “Vinagre
de Montilla-Moriles”, and black for the rest of the cases (rapid vinegars without PDO and
without ageing). Figure 7 shows these colors as well the different fill level depending on
the resulting probability percentage.
Finally, once the analysis has been performed, the Start button is deactivated and
only the Exit button is active to exit the application and the Load button to load another
spectrum, as shown in Figure 6b.
3.4. Test Results
Regarding the classification results of the test samples included in the software,
100% of the samples were correctly classified in their corresponding category. However, it
could be seen that some of the percentages of probability provided by the software (Table 2)
are sometimes low, although the classification was correct. This is explained by the fact
that this % or probability was the one obtained for the global or final classification, that is,
the classification probability obtained for the last level of the DT. This step was the ageing
category within each PDO, whose difficulty was shown and discussed above (Figure 3).
This is one of the reasons for the low percentages, although they were always higher than
50%, which allows to assign one or another category. It should be also considered that
when we move through the lower steps of the DT, the number of samples decreases, which
could be also the reason of the low % of probability obtained at the end. To improve the
models, more data will be included with time (and availability from the producers). In
addition, the percentages of probability obtained for prior steps, such as between “Aged”
or “Not aged”, as well as between PDOs were higher than for the last step.
In general, test samples of the PDO “Condado de Huelva” were the ones that showed
higher percentage of probability of being from the category indicated by the software
(i.e., with probability media of 72.5%), while within the different aging categories, the
“Reserva” category was predicted with higher probability in general (about 85.8% for CRE
and 60% for JRE and MRE) than the less aged ones.
3.5. Future Software Application
VinegarScan tool comprises a simple-to-use window with three buttons, a graphical
representation area and a results area. Therefore, vinegar authentication could be done in a
very intuitive and easy manner.
In the software validation, the model classification results and validation were satis-
factory (a 100% correct classification in prediction). These results matched those described
by Ríos-Reina et al. [17], where 100% of correct prediction rates were obtained for all the
vinegar types and categories. Moreover, in that study, the limited number of samples,
especially in the last step of the HCM, was compensated using the bootstrap resampling
method [40]. In addition to the cross-validation procedure carried out in each model, this
method confirmed the reliability of the model.
The usage of UV-vis spectroscopy might undergo several issues when compared with
other spectroscopies. Nevertheless, going to specific scenarios of food quality assessment,
many works can be found in the literature as example of successful applications of UV-vis
technology in the authentication of wine, vinegars, and other foodstuff [15,18,41,42]. In
addition, the capability of UV-vis for the authentication of vinegars has been also supported
by a recently research paper of other authors [19].
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Table 2. Classification results (i.e., identification of the type) and % of probability provided by
VinegarScan tool for the test samples included as an example in the software.






































The software approach, even being a first prototype, is simple but reliable. However,
as it is said in the manuscript, we will keep improving the models by increasing the number
of vinegars analyzed and optimizing the graphical interface with better visualization and
extending its usefulness. This might lead in the future to change, if needed, the classification
paradigm to a more evolved algorithm as neural network architecture. Moreover, another
future idea of utility is to combine the VinegarScan tool with a portable UV-vis device.
In this case, the GUI should have an extension with the necessary buttons to run the
spectroscopic analysis first before addressing the data analysis with the VinegarScan tool.
It should have a power button, a space to insert a quartz cuvette with the diluted vinegar
sample, and a touch screen to control the device and the tool. Thus, the application usability
of the GUI allows for upgrades to incorporate news functions and, in fact, the development
of the GUI for advanced features and the possibility of combining it with a portable UV-vis
device are in progress.
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4. Conclusions
This paper describes a software tool for possible vinegar authentication. The Vine-
garScan GUI was demonstrated with a real-world dataset related to predicting the type
and category of a vinegar. It is designed to be used by the end user, which can be from a
trained producer or an employee of a certified lab service or a researcher, as the software
prototype has very simple installation and use instructions, requiring only basic computer
skills. Hence, due to this simplicity and because it allows the classification of a vinegar
sample very quickly (1 min of UV-vis analysis, plus 1–2 min of data export, and less than
1 min in the use of the software), this tool could be implemented in the control laboratories
of the Regulatory Councils of PDOs, as well as for inspectors, and could even be useful
for the producers themselves, since the equipment is portable and would only need a
computer in the cellar to perform a routine check of their vinegars.
The tool is based on the open-source engine WEKA with GUI created in C++, which
makes it free to download and compatible with a Windows system. The analysis presented
in this article can be replicated by following the steps illustrated in the paper and by using
the spectral dataset of examples included inside the tool.
Satisfactory prediction results were achieved with this software running with the
analytical UV-vis data that we had available (around 100%). However, to verify its correct
operation and ensure more precise and correct classifications, it is necessary to expand
the number of samples analyzed, including more control samples and samples from
other origins, types, or even testing it with adulterated samples. Moreover, the authors’
future research will also be to design improvements for the initial version, upgrade and
streamline its use and display, and design an associated portable UV-vis device adapted
for in-situ applications.
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